Background-Efforts to develop a Clostridium difficile vaccine are underway; identification of patients at risk for C. difficile infection (CDI) is critical to inform vaccine trials. We identified groups at high risk of CDI ≥28 days after hospital discharge.
Background
Clostridium difficile was estimated to cause nearly half of a million infections in the United States in 2011 and has become the most common pathogen type among healthcareassociated infections. [1, 2] The U.S. hospital discharge rate with C. difficile infection (CDI) listed as any diagnosis increased from 5.6 per 1,000 discharges in 2001 to 11.5 per 1,000 discharges in 2010, and was projected to continue to increase. [3] In the United States, data from vital records showed that C. difficile has become the leading cause of enterocolitisassociated deaths and was estimated to be associated with nearly 29,000 deaths per year in 2011. [2, 4] Furthermore, C. difficile is no longer restricted to hospital settings and approximately 75% of the patients who develop healthcare-associated CDI have their onset outside the hospital settings. [5] Although numerous interventions have been implemented to control the spread of C. difficile in hospitals, this pathogen remains an important cause of healthcare-associated infections in the United States. [5, 6] Efforts to develop a C. difficile vaccine are currently underway and identification of high risk patients to be targeted for vaccine trials is critical to measure vaccine efficacy and immunogenicity.
We conducted a retrospective cohort study of hospitalized patients at two large academic centers, participating in the Emerging Infections Program (EIP) CDI Surveillance, to identify groups at high risk of CDI that could potentially be targeted for vaccine trials.
Methods

Study Settings and Patients
We used data from academic centers in CT with approximately 1,000 beds and 58,000 discharges per year and NY with approximately 700 beds and 40,000 discharges per year. The two academic centers along with their respective state health departments are part of EIP. [7] Active population-and laboratory-based surveillance for CDI is ongoing in both Monroe County, NY and New Haven County, CT since 2009. [7] For this study, patients were included if they were ≥18 years of age, had an inpatient stay at a study hospital, and were residents of the CT and NY surveillance area.
Hospital Discharge Data
Each participating institution obtained clinical and demographic information from their hospital discharge data, including ICD-9-CM procedure and diagnostic codes, patient's age, insurance coverage, sex, date of hospital admission and discharge, inpatient unit(s) visited, disposition at discharge, and initial diagnosis on admission. Patient identifiers were obtained to allow for merging of data with pharmacy and EIP surveillance data.
Pharmacy Data
Data on antibiotic class, name, route, and duration for all antibiotics administered during each hospital stay was obtained for hospitalizations in the study period. Antibiotics were grouped into the following classes: aminoglycosides, 1st and 2nd generation cephalosporins, 3rd and 4th generation cephalosporins, lincosamides, fluoroquinolones, macrolides, vancomycin, sulfonamides, beta-lactam/beta-lactamase inhibitor combinations, carbapenems, penicillins, and miscellaneous. Pharmacy data also contained individual patient identifiers to allow merging of pharmacy data with hospital discharge data.
EIP Data
The EIP CDI surveillance provides longitudinal data on CDI among surveillance area residents in the community and healthcare settings. Trained epidemiologists capture all C. difficile-positive reports by either toxin or molecular assay from clinical, reference, or commercials laboratories for residents in the catchment area, along with the personal identifiers. A laboratory report is classified as an incident episode if it was in a patient without a positive C. difficile test in the prior 8 weeks. All incident episodes receive a unique code and are entered on weekly basis into a web-based system without personal identifiers. We utilized EIP CDI data from the beginning of surveillance at each site until December 2012 to identify patients diagnosed with CDI in outpatient and inpatient settings.
Data Linkage and Transfer to CDC
Each site was responsible for generating a linkable patient identification (LPI) code based on patient identifiers that were common across all three datasets. Encounters identified for the same patient received the same LPI code, unique to a specific patient. All patient identifiers were deleted after LPI codes were added. Each site also created a CDI database based on CDC EIP data containing only patients who developed CDI and who appeared in the discharge/pharmacy data, regardless of the timing of CDI onset relative to the hospital admission. The protocol was approved by the institutional review board at each site and CDC.
Clinical Classification Software (CCS) from the Agency for Healthcare Research and Quality (AHRQ) was used to categorize ICD-9-CM diagnosis and procedure codes into clinically meaningful categories. [8] For each hospital stay, antimicrobials were grouped into twelve classes, described above.
The cohort was created by identifying the hospital stays within a single year for each unique patient at each site, January 2011-December 2011 for CT and July 2011-June 2012 for NY. Among patients with more than one hospitalization, one stay was selected at random and identified as the index hospitalization. Exposures were based on the index hospitalization and past hospitalizations within 90 days. All patients with CDI documented either during index hospitalization or prior to hospitalization based on EIP data and patients receiving oral vancomycin during their index hospitalization were excluded from analysis.
Our outcome was an incident C. difficile episode ≥28 days after discharge from the index hospitalization. The timeframe of ≥28 days after discharge for CDI development was used to take into account a scenario where the vaccine would be administered at the time of hospital discharge, would be a multiple dose regimen, and time would be needed for vaccine recipients to build an immune response. In addition, we hypothesized that the vaccine would be for prevention of primary CDI, and therefore patients with prior CDI were excluded. [9, 10] Exposures were based on information provided by the hospital administrative data while the outcome was based on the linked EIP CDI surveillance data.
In order to create a CDI risk index, we considered the scenario of enrollment and vaccination at time of hospital discharge to prevent post-discharge incident CDI ≥28 days after discharge. We conducted univariate comparisons of those who developed CDI ≥28 days after discharge to those without CDI using t-tests or Wilcoxon Rank tests for continuous variables and Chi Square or Fisher's Exact tests for categorical variables as applicable.
In the multivariate analysis, we employed a Cox Proportional Hazards model and conducted a backward elimination selection with a significance level to stay criterion of p ≤0.10 to identify important predictors of CDI after discharge. Due to the large number of CCS categories, univariate analysis was used to categorize each of the following CCS categories: discharge diagnosis, procedure and admission diagnosis into four progressive levels depending on the increasing association with CDI ≥28 days post-discharge. Patients were followed until the development of CDI during the post-discharge period, death, or the end of follow-up period. The follow-up period extended to six months following the end of the initial year in which index visits were identified, June 30, 2012 for CT and December 31, 2012 for NY.
After determining the important predictors for CDI development ≥28 days after discharge, we developed a CDI risk index. The risk index was based on parameter estimates from the Cox Proportional Hazards model containing only important predictors. To generate the risk index score, the remaining parameter estimates were divided by the absolute value of the smallest parameter estimate. The integer of that quotient was then declared the number of points to assign for that characteristic. Protective characteristics retained a negative score. Reference categories were assigned a point value of 0. Once points were assigned for each characteristic, all points were summed to calculate a final score for each discharge. Distribution of scores was compared for those with CDI ≥28 days following discharge to those without. A specific score, the first quartile of those with CDI, was selected to divide discharges into high and low risk categories.
In order to validate our CDI risk index, we developed models for each site separately, and then validated the model at the other site. For validation, we employed the same outcome, and conducted logistic regression in the validation site. For validation, we considered 3 measures: area under the receiver operating characteristic (ROC) curve for the risk index score, odds ratio (OR) for the high risk discharges compared to low risk, and the risk in the both the high and low risk discharges.
Further, we conducted three sets of models. The first model (complex scenario) included all information in the multivariate models such as ICD-9-CM discharge and procedure codes, which may not be readily available in medical records at time of patient's discharge. The second model (simple scenario) did not include billing data such as ICD-9-CM discharge and procedure codes and information generated from those codes like Gagne co-morbidity score and the number of ICD-9-CM procedures. For both the complex and simple scenario, models were developed in each site independently and validated at the other site. Finally, a third model (combined scenario) was created based on overlapping predictors from the complex and simple scenarios. For this model, discharge data from the two sites were combined and randomly separated into development and validation cohorts. A Cox model including only the selected overlapping predictors and using the data from the development cohort was used to develop the risk index for the combined model. That risk index was then assessed in the validation cohort.
All analyses were conducted using SAS software (version 9.3; SAS Institute).
Results
A total of 22,069 index hospitalizations were observed in CT from January 1-December 31, 2011, while 14,527 index hospitalizations were identified in NY from July1, 2011-June 30, 2012 among surveillance area residents.
At CT, of the 22,069 index hospitalizations, a total of 660 were sequentially excluded using the following order: prior CDI (n=105), death during hospitalization (n=402), incident CDI during the hospital visit (n=100), and reported oral vancomycin use during the index visit (n=53), leaving 21,409 (97%) index hospitalizations for analysis.
At NY, of the 14,527 index hospitalizations, a total of 750 were sequentially excluded using the following order: prior CDI (n=279), death during hospitalization (n=390), incident CDI during the index hospitalization (n=80), and reported oral vancomycin use during the index visit (n=1), leaving 13,777 (95%) index hospitalizations for analysis.
CDI ≥28 days post-discharge occurred in 164 (0.77%) and 124 (0.90%) of CT and NY patients respectively for a total of 288 (0.82%) CDI cases. Based on univariate analysis across the two sites, older patients, white race, Medicare primary coverage, prolonged LOS, discharge to long term care/skilled nursing facility, higher co-morbidity score [11] , prior hospitalization within 90 days, additional days in critical care units, ICD-9-CM diagnosis/ procedure/admission diagnosis, prolonged antibiotic therapy and higher number of antibiotic classes received during hospitalization were associated with increased risk of CDI ≥28 days after discharge (Table 1) . Certain antibiotic classes such as cephalosporins, fluoroquinolones, intravenous vancomycin, sulfonamides and beta-lactams/beta-lactamase inhibitor combinations were associated with increased CDI risk.
A multivariate Cox proportional hazards model was then developed for each site using CDI ≥28 days post discharge as the outcome. The backward elimination procedure was employed starting with all the variables identified in the univariate analysis (Table 1) .
For the complex model, after backward selection, the following variables remained associated with increased risk of CDI after discharge for both sites: age, ICD-9-CM diagnosis, procedure and admission diagnosis CCS risk category, number of ICD-9-CM procedure codes, and number of past hospital visits within 90 days. For CT, the number of different antibiotic classes administered during index hospitalization also remained, while at NY, gender, co morbidity score, and maternity and specialty care wards also remained. In addition, each site had specific antibiotic classes associated with increased risk of CDI after discharge, however, none overlapped.
A similar multivariate Cox proportional hazards model was developed for each site, but only variables expected to be readily available at time of discharge were included (simple scenario). After backward selection, ICD-9-CM admission diagnosis CCS risk category, older age, , and previous hospitalization remained in the model at both sites. For CT, number of antibiotic classes, receipt of 3 rd /4 th generation cephalosporin, primary payer, past hospital antibiotic exposure within 90 days of index hospitalization, and admission to specialty care ward also significantly associated with CDI post discharge. For NY, use of clindamycin or a fluoroquinolone during index hospitalization, prolonged LOS, gender, and exposure to wards other than surgical, medical, critical care, labor and delivery, and emergency department also remained in the model.
At each site for both complex and simple models, a risk score was developed. This risk score was then validated at the other hospital site as a cross site validation cohort. In the derivation cohorts, the risk score performed well. However, when the risk score was applied to the cross site validation cohort, performance dropped considerably. For example, in the cross site validation cohorts, the area under the ROC curve typically was estimated to be around 0.7 even though the estimated area was much higher in the derivation cohorts, >0.8 ( Table 2 ). The models developed at each individual site did not perform as well when implemented at another hospital, likely due to inconsistency in important predictors between the two sites.
Since cross site validation models did not perform well, a third model (combined scenario) based on overlapping variables from the simple model and the complex model was developed. The combined model included ICD-9-CM admission diagnosis CCS risk category, age, past hospitalizations, and 3 rd /4 th generation cephalosporin, clindamycin, or fluoroquinolone use during index hospitalization. For the admission diagnosis risk category, only overlapping risk categories (n=24) were included, Table 4 .
Cohorts from CT and NY were combined then randomly separated into development and validation cohorts. Data from the development cohort was used to create the risk index. As previously, that risk index was assessed in the validation cohort. Compared to the cross site validation cohorts, performance improved in the validation cohort for the combined model. The area under the ROC curve improved to 0.75 and was consistent between both sites, suggesting that simple models using only four consistent variables performed better than previous models.
To develop a final model, the randomization, model estimation, and creation of the risk score index was conducted 500 times. The average area under the ROC curve was 0.75. The final risk index score was based on the repeated 500 samples, Table 3 . An additional model using LOS in place of admission diagnosis categories performed nearly as well, cscore=0.74, Table 2 and Table 3 .
The cut off point for high vs. low risk groups was arbitrarily set at the 25 th percentile of the derivation cohort for those with CDI, Table 2 . However, this point can range and be adjusted. As the score increases, the proportion of the cohort who would be included in the high risk group decreases while the CDI attack rate in that group increases. We further generalized to the situation in which a preventative trial, such as a vaccine trial, is to be designed. We estimated the sample size required from the attack rate and further determined the estimated proportion at high risk to determine the feasibility of the trial. For our example, we assumed a similar hospital with 20,000 index visits, and an efficacy of 50%. We then plotted the necessary sample size and the estimated number at high risk for each risk score (Figure 1 ). For risk index scores up to 7, the number expected to be at high risk was greater than the estimated sample size.
Discussion
Our study identified specific parameters for a risk index that can be applied at hospital discharge to identify a patient population with increased risk of CDI ≥28 days after discharge that could be targeted for vaccine trials. The CDI risk index performed well in the two academic centers studied, and validation of the risk index observed an CDI attack rate ≥28 days following hospitalization of 1.5%-2.0% with the risk of CDI among high-risk patients being 5 times greater than other patients. The risk index was developed using parameters that are likely to be readily available at the time of discharge.
Previous CDI risk-prediction models only took into consideration CDI developing during the time of hospitalization or were prediction models developed for recurrent CDI. [12] [13] [14] Because EIP CDI surveillance is a longitudinal population-based surveillance that includes both inpatient and outpatient laboratories, we are able to capture CDI episodes occurring among the population under surveillance including those occurring in the post-discharge period.
Most of the factors we found to be associated with post-discharge CDI development such as age, LOS, exposure to high risk antibiotics, and past hospital visits are not surprising. However, development of scores associated with those risk factors and the determination of CDI attack rates based on a patient's overall score provide further insights into the design of clinical trials to evaluate interventions for CDI prevention. As demonstrated by our study, using very high risk scores in study designs will substantially decrease the number of patients eligible to be included and could result in study failure as the necessary sample size will unlikely be reached.
There were several limitations in this analysis. First, while administrative data was used in conjunction with other data creating a potential for misclassification, [15, 16] we expect any bias due to misclassification to be non-differential and not substantial. [17] Second, since our combined model used data from both hospitals and certain minority populations may not be well represented, data from additional hospitals would help determine the generalizability of our risk index. However, our risk index has recently been validated using administrative data from a large number of hospitals. [18] In addition, especially for the complex scenario, implementing the risk index in a clinical setting would likely be difficult. Even for the models using only four variables, implementing the index in a clinical setting may not be straight forward due to the admission diagnosis categorization. Using LOS in place of admission diagnosis produced a model that performed nearly as well. Such a model may be more suitable to explore in other hospitals given potential differences between coding practices. Further, choosing an appropriate cut off point to divide cohorts into high and low risk discharges was highly subjective, but that allows the risk index to be applied in other situations depending on the needs of the trial or study. Finally, while our analysis included CDI cases identified in both inpatient and outpatient settings, data on healthcare encounters or antibiotic exposures outside of the hospital, including information on antimicrobials prescribed at discharge, was not obtained. Outpatient encounters and pharmacy data could be important risk factors not accounted for in this analysis, and our final variables included in the risk score may be correlated with certain risk factors outside the hospital. However, while the inclusion of such data could improve our model and identify additional risk factors, the goal of this analysis was to identify a cohort based upon hospital data.
Our study had a number of strengths. First, confirmed CDI cases from EIP surveillance linked to hospital administrative data were used. Therefore, our outcome did not rely on ICD-9-CM codes which do not always reliably identify incident cases of CDI. Further, cases were not limited to those identified only in a hospital setting. There were a large number of index hospitalizations, greater than 35,000, included in the study. In addition, our data included pharmacy data which is not always readily available from large hospital data sets. This novel dataset observed consistent findings with past studies of CDI in a previously reported study observing an increased risk of CDI for patient receiving broad spectrum antibiotics. [19] Finally, by using two large academic hospitals we were able to validate the risk index, and identify predictors consistent at both sites.
In conclusion, we identified specific parameters for a risk index that can be applied at discharge to identify a patient population with increased risk of CDI ≥28 days following an acute care hospitalization. The CDI risk score we developed can provide insight for study designs to evaluate interventions to prevent CDI; a disease that affects millions of individuals and causes thousands of deaths. In order to determine the feasibility of a vaccine trial, we estimated the required sample size and proportion of patients at high risk available to be included in a vaccine trial for a range of risk scores based on the final risk score developed in our model. For our example, we assumed a hospital with 20,000 annual patient index visits, and a vaccine efficacy of 50%, and we then plotted the necessary sample size and the estimated number at high risk for each risk score. For risk index scores up to 7, the number expected to be at high risk was greater than the estimated sample size. Table 3 Final Risk Index Score 
